With the data on the top incomes collected from different sources, we combine the samples of the top incomes with a household survey to investigate changes in the income distribution with and without the top incomes. The Gini coefficient of income inequality using household survey data is 0.464 for 2016, and it jumps to 0.646 after including the samples of the top incomes, which demonstrates the great importance of the top incomes in estimating income inequality.
Introduction
Estimating the exact income inequality for one country would face several challenges, among which the loss of data on top-income individuals and income under-reporting in the survey data are the most challenging for the researchers. For the case in China, much evidence supports the view that the group with top incomes is increasingly important due to the rapid economic growth in recent decades. In the past five years there has been considerable controversy regarding the number of billionaires, their income level, and their distribution in China 1 . However, the traditional method of using household surveys cannot address these issues. Therefore, we have to seek other ways to collect information about income or wealth of the top incomes. Recent research such as that conducted by Thomas Piketty (2013) seeks out the possibilities in which administrative heritage tax data can be used to complement data on the top incomes. However, it is impossible to do this in China because we do not have detailed information on tax categories such as the heritage tax or estate tax.
It is well known that a method using a household survey to estimate income inequality could suffer from underestimation. Nevertheless, in the absence of better data sources, we must rely on ourselves to collect all kinds of data on top incomes from different sources, and then, we match several data sources together to try to capture as much data on the top incomes as possible. Using this way to capture the top incomes is an imperfect but practical solution 2 , and is the first attempt that we are aware of to correct for the top incomes. In this paper, we try to collect data on the top incomes in different industries or fields one by one using all possible sources and then try to mix them together into an organized data set called "Top Incomes in China (TIC)"; then we estimate the income distribution including the top incomes using the TIC data.
2 Literature Dealing with Top Incomes
Why correcting top incomes?
Correcting for the top incomes in income distribution research has been a long story for economists, and the literature can be classified into two stages. In the beginning, the research employs methodology, such as the Pareto, to correct, while in recent years, many attempts have been made to determine the quality of the top income data. As stated by Davies et al. (2010) , the underestimation of the top incomes has a larger impact on the overall income distribution, as the top incomes may not be included in household surveys, while the under-reporting rate is even higher for this group than for other groups. Piketty (2014) demonstrates that income inequality would be higher than 20 percent if correcting the top incomes in the US in 2011, while this figure is even higher according to Xie and Jin (2014) , as the number reaches as high as 30% for the Chinese case in 2012. Meanwhile, the mean income for the overall sample would also increase by 25 percent when including the top incomes for China in 2012, and for the same year in China, this figure reaches 32% according to Gan et al. (2012) . Regardless of whether we use a household survey together with the Pareto function, as in Xie and Jin (2014) , or only use the household survey while highlighting the top incomes during the sampling, as in Gan et al. (2012) , both obtain a unanimous result about the importance of the top incomes. Apart from the two attempts above, Li and Wan (2015) also compare the trend of importance for top incomes while estimating income inequality. Using Chinese Household Income Project (hereinafter referred to as CHIP) 2002 and CHIP 2013, it finds that correcting top incomes would push up the Gini coefficient of income inequality to 20% in 2002 and 28% in 2012, while the mean value of income would also increase by 21% in 2002 and 34% in 2012 respectively, so it concludes that the issue of under-representation or under-reporting for the top incomes are more and more important. Knight et al. (2018) simulate the results before and after correcting top incomes with an expansion in the 1% or 5% highest deciles for wealth inequality using CHIP 2013 for the case in China and find that there is a very large difference before and after correcting the top incomes for current China. It found that the basic Gini coefficient without any correction was 0.497, the consideration of the under-representative issue itself would raise the Gini coefficient to 0.613, while the second step correcting both of under-representation and under-reporting would push up the Gini coefficient to 0.718.
Piketty (2018) also joined the research to correct China's top incomes using data from national accounts. Though it is impossible to provide the Gini coefficient, they also find that there is a serious underestimation of income inequality if using deciles or percentiles.
Dealing with top incomes
For all the literature on income distribution, data quality is most important and would cause many arguments among researchers worldwide. Because of the use of different data sources and different estimation procedures, the top income estimation results in particular are also very different, the results are not easily comparable across years and countries. In general, as the number of top incomes is very limited, it is difficult to obtain enough effective samples using the methodology of simple random sampling with a household survey. Meanwhile, in practice, top incomes are not willing to cooperate with household surveys, so the number of top incomes tends to be inadequately represented. In addition, top incomes tend to hide their actual income so that the income information for high-income groups is more difficult to obtain accurately in surveys.
In general, it is very difficult to capture the issues of top incomes by using the random sampling method; therefore, the research of top income distribution using household surveys is usually biased because of right truncation. Therefore, global scholars in the field of income distribution are discussing how to supplement the high-income sample.
Using Pareto distribution function
Because of the lack of high-quality income data, household survey data are often preferred by researchers and are indeed most widely used in practice (Davies et al., 2010) . However, simply using household survey data to study the income distribution has many shortcomings. They believe that in the context of the increasing concentration of income accumulation, the problem of underrepresentation of the top income groups is more obvious than before, therefore simply using household survey data to study income distribution is very biased. As a result, many researchers, through technical means, modify traditional household surveys. At the end of the 19th century, an Italian economist named Pareto found that the distribution of top incomes obeys a law such that 20% of the people own 80% of the overall income in the society (80/20 rule), so afterwards we called it a Pareto distribution for top incomes. In practice, there are two ways to estimate the top income distribution while using the Pareto function.
The first way is to estimate the actual income distribution while using top income data from the public. For example, Wang and Zhou (2006) and Xie and Jin (2014) use very limited top income data from public rich lists published by Forbes and Hurun and employ the Pareto function to estimate the parameter for the top income distribution. Afterwards, these studies use the Pareto parameter to derive the remaining part of the top incomes and then merge the derived top incomes with the traditional household survey income data to obtain the final income distribution, including the overall top incomes. The second way is to derive the top incomes from a household survey.
Although the top incomes are missing in the survey, the highest-income individuals in the survey can also be used to estimate the sensitivity of the top incomes. In general, using Pareto distribution approximation is an efficient way to estimate income inequality, as we find that the method of using Pareto distribution to approximate the top income distribution has a methodological advantage and thus has been widely used in the field.
Inferring from inheritance tax data
The estimation of income distribution becomes very difficult due to omissions of the most affluent group and the concealment of real income information. In recent years, experts from various countries have begun to use inheritance tax data to infer the distribution of top incomes and have achieved great success. For example, Atkinson (2013) use the actual tax data of many western countries, especially data on the property tax and the inheritance tax, to infer top income data. Thereby, they obtain more accurate and complete top income data and achieve the aim of obtaining the income data of the social elite.
Using this method, Piketty (2014) estimated the level of income gaps in more than 20 countries that have well-established inheritance tax systems, such as the United States, the United Kingdom, and Japan. They found that the highest 10% of people held more than 60% of the total social income in the 18th century. After more than 100 years of a declining trend, it has started to rise sharply in recent years and may continue to return to the social curing state of the middle ages. Moreover, for countries in which the estate tax data are available, researchers often prefer to use estate tax data to estimate the income inequality, because this method is straightforward and more reliable. Unfortunately, China does not have a heritage tax system, so past inheritance tax data cannot be obtained in China.
Correcting based on household survey data
It is generally believed that although there is a problem of insufficient representation of highincome people in household survey data, the capture of low-and middle-income groups for the survey is still very accurate. Therefore, some studies have proposed that the household survey data can be revised by indirectly adjusting high-income samples. Although high-income samples cannot be guaranteed to be randomly sampled, resulting in insufficient high-income samples, there is also the problem of random errors in the data investigation process, which often leads to a certain proportion of abnormally high-income samples. Because both problems are random, if there is a reasonable sample of abnormally high income after rigorous inspection, the simultaneous existence of underestimation and overestimation may partially offset some of the original estimation error.
In a study of the income distribution of households using CHIP2013 data, it was found that 0.3% of the samples had abnormally high values of income, and there was a significant abrupt change in the distribution curve. For these anomalous observations, Li & Wan (2015) retain abnormal high-income samples for which problems cannot be identified based on the exclusion of problematic outliers. Using the same data, Xie and Jin (2014) adopt another method, which is simply dropping all income outliers and using the Pareto function to supplement the extreme values. However, Chen et al. (2009) note that removing these samples to avoid the effect of extreme values on the income distribution involves a certain degree of subjectivity, and it is easy to underestimate the degree of income inequality. Of course, regardless of which method is adopted, the final estimation of the two is basically the same.
Adjusting with property income tax for the top groups
Due to the absence of the top sample in income distribution studies, there are studies that try to use property income instead of income data to indirectly supplement the top-income sample. Torche and Spilerman (2008) try to use capital income tax data collected by the taxation department to supplement the conventional sample of household income surveys. Using this method, they obtain the relationship between the missing sample and the survey sample and use this parameter relationship in the study of income distribution. Based on this, it is possible to infer the top income data and thus supplement the data in the income distribution curve. Of course, this method also has some problems. For example, previous studies basically calculate income data from wealth assets with a fixed return rate instead of using property income data to infer income data. This process is used because the income flow is implicit and dynamic. Additionally, wealth is a relatively stable stock, so wealth accounting is relatively easy for researchers.
In addition, the relationship between the high-income and low-income parameters in the income distribution may not be consistent with this same relationship in the property income distribution. Therefore, it may not be appropriate to use an analogy method to directly put income into property income research. Of course, based on conscientiously solving these problems, using the property income sample of the tax department to infer the overall income distribution is still a research direction worth trying in the future.
Using administrative management data
As the composition of household income is becoming increasingly complex, many countries try to establish a cross-departmental, multi-level information linkage platform to realize the full sharing of personal income among administrative departments. This practice widely introduces administrative information data from various departments, such as the people's geographical distribution data in the public security departments, data on financial assets from banks, automobile assets data from traffic and vehicle departments, housing information from the Housing Construction Bureau, and data on enterprises and operating assets from the Commerce and Industry Bureau. Tax payment data from the local tax department can effectively provide information regarding the income of a household. The authenticity and authority of the data make it possible to estimate the real income of a family. On the one hand, these data can be added directly to estimate the household income distribution; on the other hand, these data can also be used for a comparison with self-reported income data from household surveys. Thus, the underreporting rate of households with different income levels is estimated, and real income data for the top incomes are inferred. Overall, because the administrative data held by government departments are accurate and reliable, it will become one of the effective methods used to estimate the distribution of income in the future.
Generally, we think that using administrative data has great potential for estimating top-income inequality. The administrative databases could also be valuable sources for research. Because of these advantages, the sources of administrative data seem to be promising sources that will be increasingly used in the field.
Collecting behavioral data
We can also discover residents' income by assessing the close relationship between individual behavior and income; for example, the higher the income level is, the lower the proportion of basic consumption to the income, according to Engel's law. Some studies use the consumption tendencies of the highest-income groups to simply discover income levels using Engel's law (Wang Xiaolu 2010) . However, there are significant problems with this approach, such as consumption and income, which may not have a simple and stable linear relationship ).
In addition, there are behavioral economics studies that have determined that charitable donations have a relation with donors' assets, which can be used to discover an individual's income from data on charitable giving. Therefore, the donation propensity coefficient is estimated to predict the income level of the highest group. In addition to using behavior data regarding consumption and charitable donations, some practitioners actually obtain data through practice, for example, through providing legal advice to practitioners. These data are used to estimate the top incomes.
Data Collection for Top Incomes

Top income database
China has seen an increasing number of billionaires in the last two decades, which influences measures of income inequality. If they are included or under-representatively included in a household survey, it is not surprising that the measure of income inequality using the household survey data would be underestimated. It is very common that income inequality is underestimated due to an under-representative sample of top income people in almost all the countries, particularly in developing countries. China as one developing country is not exceptional. It is worth exploring alternative ways for collecting more accurate income information on the Chinese super-rich to make more reliable estimates of income inequality in the country. To attain this objective, we search and collect different data sources of data on the super-rich from already published information in the media and on the Internet. (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) (2016) and so on. Considering the sample size, this paper concentrates on the income of the rich in 2016, which is the latest information we can obtain. It is noted that all the databases contain income information on the rich except the Hurun Rich List, which only provides information on the wealth of the rich. We converted wealth to income using the fixed return rate of 5% proposed by Li and Luo (2011) .
There is no uniform and commonly accepted criterion for identifying the high income or superrich in China so far, while the starting point for individuals to declare personal income tax is 0.12 million according to the China's State Administration of Taxation, so we think that 0.12 million should be a reasonable threshold for the top incomes; thus, we truncate the data at 0.12 million for top incomes 3 . In addition, the Pareto function is used to simulate the distribution characteristics for the top incomes.
Hurun Rich list data
We summed the Hurun Rich List and the Forbes Rich List data (hereafter referred to as the Two Lists) from 2003 to 2017 in Table 3 .1. The Two Lists were collected and compiled from publicly released data. In the 2003~2017 Hurun Rich List, 4,918 individuals in total had been listed in each of the years. We manually added the missing information of top-income individuals, including their privately owned companies, location of residence, year of birth, and educational attainment. Table 3 .1 shows the samples of top incomes and the threshold value of the Two Lists. Compared with Forbes Rich list, the sample size of Hurun Rich list is larger and its authority is more recognized by the public. Therefore, this paper takes Hurun Rich List as the benchmark data, and Forbes Rich List as a supplement to merge into Hurun List, which is called Hurun Rich List for the sake of convenience. To compile the data to be used for this paper, we took the following steps.
Step1: Dropped unreliable obs. There are some errors about the names of individuals, families and companies on the two Lists, so we made several rounds of data cleaning and corrected them up based on the authoritative documents like ID information 4 , and finally get 3,495 individuals with correct names on the Lists.
Step2: Modified the incorrect information. Some individuals on the Lists are from the same companies or same families. We clarified each of these cases separately in each year, by dividing equally the family wealth to each of family members. After the clarification, the individuals on the Lists decreased from 3,495 to 3,415 who are on the Lists at least in one of these years. Some individuals have been on the Lists from the first to the last year and some only in one year.
Step3: Created supplementary data for the missing data. There still existed many missing values for rich individuals on the Hurun List after the first-round cleaning. As we chose 2016 as the base year, for those individuals not listed in 2016, we re-estimated their income/wealth by an interpolation method using the average growth rate of production assets in the same industry. At the same time, we replace some obviously unrealistic data of individual wealth by 90% of the threshold or zero. For example, if the individual did not show on the two Lists in 2016, and the calculated value based on industrial average growth rate is bigger than threshold value, then we replaced their wealth value by 90% of the threshold; if an individual was believed to be bankrupt, we replaced their wealth value by zero.
We generally think these should be the wealthiest people in this country; it is not easy to extend the list to include more people, so the sample weight for this kind of database is defined as 1.
Online celebrities' income data
For the Online celebrities' database, we adopted crawler technology and downloaded the data from the most popular live broadcast platforms in China, which included Yizhibo, Momo, Huajia, Laifeng, Yingke, Meipai, Quanmin, and Huoshan. We also inquired how the reward money on the platform is distributed and find that a platform (company) shares 70% of the total reward while Online celebrities share the remaining 30%. Then, we calculated Online celebrities' personal income based on the distributional shares between the platform and the Online celebrities. The data crawling process covers a period from March 8, 2015, to April 7, 2018, for a total of 37 months. On the basis of the monthly income, we can also infer the yearly income in 2016.
According to the report on the Online celebrities' economy in 2016 5 , the number of the Online celebrities in 2016 had exceeded 1 million, while their annual income was approximately 250,000 yuan per person. Therefore, we assume that the number of Online celebrities in 2016 was 1 million, and the threshold value of their income was 250,000 yuan. We suppose that 500,000 Online celebrities earned more than the threshold value, so 2,536 samples were chosen from the database. Therefore, the weight of every Online celebrity is 197 (50*1000/2536), and the weight is set to 200 for convenience.
Large company CEOs' income data
We also collected data on the salaries of CEOs of listed companies in 2016; these were obtained from listed companies' annual reports or China Wind Economic and Financial Database (hereinafter referred to as WIND database) 6 . Our database contains almost all their pay and personal information. By the end of 2015, there were 2,827 companies and 60,540 individuals in the database. Among them, those with annual pay above 120,000 yuan are 31,963, which are kept for our analysis. However, there were many companies of the same size as the listed ones, but these were not listed in the stock market, so the information on the CEOs' pay for these companies is not available. We assume that those companies have the same level and distribution of their CEOs' pay as the listed companies do. Therefore, we gave each of the CEOs in the listed companies a weight of 17; the details are given below in section 5.1.
Rich Writer data
The database is combined by two sub-databases: the Famous writer, for which the data were collected from the public media, covering the richest traditional writers, online writers, cartoonists and screenwriters etc. in China. From the public media, the number of rich writers in 2016 reported by the Writer Rich List, Cartoonist Writer Rich List, Online Writer Rich List, and Screenwriter Writer Rich List was 60, 10, 20, and 30, respectively, and the threshold value was 1.8 million, 2.35 million, 10 million, 5.4 million yuan, and the highest value was 30 million, 10 million, 122 million and 14 million yuan, respectively. Finally, the overall sample size was 120, the threshold value was 1.8 million, and the weight was 1.
In addition, we also collected related data and prepared the Network writer list. The Qi-dian was a Chinese website (www.qidian.com), China's largest online literature platform, which covers most online writers. Our research team used crawler technology to obtain the following three types of important information about VIP writers' completed novels from this website: the number of words, the authors, and the time of completion 7 . Note that uncompleted novels are not included. Then, we can estimate how many words a VIP writer could write per day and how much he/she could be paid for every ten thousand words according to the platform rules. Moreover, we can calculate each VIP writer's total revenue in 2016. The following information needs to be explained carefully. First, this paper introduces VIP writers only and excludes non-VIP writers because VIP writers usually sign up with the platform and writing is their major occupation. Second, to avoid controversy, this paper calculates only the remuneration for completed novels, while that for the uncompleted novels is not included. Furthermore, these online writers have not appeared on the lists of writers above, so there is no intersection between the two types of writers. Finally, we found that 472 online writers were eligible for our analysis, with a threshold of 120,000 yuan. There is evidence that there are approximately 5,000 online writers whose monthly income is more than 10,000 yuan 8 , so the weight of the online writers is 10 for simplicity.
Signed-up actors list data
China's movie actors and actresses are in high-income groups that have been gradually expanding and attracting increasing attention in recent years. We collected data on actors' and actresses' payments using crawler technology from the two aspects of TV series and films. For TV series, we collected the following data about all the TV series screened in 2016: the titles of the TV series, the number of the main performers (up to 16 people), episodes, and the types of TV series. By referring to the investment in the same types of TV series and the remuneration of performers of the same grade, we deduced all the main performers' remuneration through manual search and analogy inference. Note that the remuneration of non-main performers is no longer included. For the movies, the same information as the TV series was collected about all the movies released in 2016. We used a similar method to obtain all the main performers' remuneration. In particular, the same actor or actress may act in several TV series or films, and we merged the TV series and film remuneration to obtain the performer's total remuneration. Obviously, performers who were not Chinese nationals were excluded. Finally, the number of eligible performers was 4,092.
Actually, no fixed definition is used to describe movie and TV-series actors; performers who have ever performed in movies, TV shows, song performance, dramas and even online dramas are all actors. What's more, all extras and the performers who have only a few lines can be called actors too. However, this paper only analyses actors for whom performance is a major occupation. The problem is that there are no relevant figures showing how many performers for whom performance is their major occupation. After multiple verifications, we decided to measure the number of film and TV-series actors by the number of contracted actors. In fact, the movies and TV series listed above were released nationwide, so it is reasonable to believe that all the main performers acting in them are contracted actors and actresses. There is evidence showing that the number of contracted actors in China exceeds 100,000 9 . At the same time, the China Statistical Yearbook reveals that the number of employees in China's culture, sports and entertainment industry was 1.508 million in 2015, so the number of contracted actors has strong credibility. Thus, we included data on 4,092 movie and TV-series actors and actress, so the weight for this group is 25 for simplicity.
Private enterprise owner data
The data for this group come from the Chinese Private Enterprise Survey (CPES), which has been conducted for many years and is organized by the Chinese Academy of Social Sciences and other organizations. The survey asks the sampled private owners detailed information about their assets and personal and enterprise income. Considering that it is most likely that their income is underreported, we use information on their assets, by which we impute their income. The method assumes that the return rate of their assets is 5% annually, which is multiplied by their net assets.
To derive individual income from family income, we assume that each individual has a family with three members on average. Finally, we have 3,000 individual owners with an annual income of more than 120,000 yuan in our data. Because there are approximately 3.44 million private enterprises in 2016, we gave each of the observations in the data a weight of 1,000.
Top Athletes
These data are compiled by including information from 4 sub-databases, which we introduce as follows: We collect the income of rich sportsmen and sportswomen from public sources, and the income information for the richest E-sports mobilization and sports athletes comes from professional industry associations. In each year, information on the top 100 income leaders is provided to the public by the international E-sports athlete association; we only keep the 28 Chinese income pioneers from the list in 2016, and then we manually search for demographic information on them including age, gender and education 10 . For the traditional sports athletes, the most authoritative sports media "Sports Weekly" releases a "most earned athletes list" each year 11 , and there are 10 major names on this list in 2016. In general, we have 38 top-income individuals for athletics; their income range is 2.8 million to 69 million yuan, and the weight is 1.
Moreover, we also collected income data on football and basketball professional athletes. We do this because football and basketball were the first and best professionalized sports in China. The Chinese Super League and China Basketball Association (CBA) League are China's highest-level professional leagues, so the players participating in these leagues tend to have high incomes, and the number of teams participating in these leagues are 16 and 20, respectively. Through multiple visits and using our judgment, we obtained salary data for the Chinese Super League team-Shanghai Shanggang, as well as for the CBA team-Guangdong Dongguan. Then, we weighted the salary by weights of 16 and 20. In view of the large differences in the winning and attendance bonuses between the different clubs, only the basic salary was concluded, while other income was not considered in the calculation. Note that foreign players were excluded from the samples. In addition, one sample of the top 10 athletes was repeated and was removed from the data as a result.
In summary, the weights of E-sports, Top 10 Athletes, football players and basketball players are 1, 1, 16 and 20, respectively.
Databases tabulation without weighting
Generally, we have seven categories of the top incomes, which were distributed in the Signed-up actors List database, Hurun Rich List database, Executive Pay of Listed Companies database, Private Entrepreneur database, Online Celebrity database, Rich Writer database, and Top Athletes database. Table 3 .3 provides a simple description of the seven databases before weighting and indicates that the individuals on the Hurun Rich List represent the richest in the population. Meanwhile, the density distribution of the mixed top-income databases before weighting can be found in Figure 3 .1, and we find that the samples are not smoothly distributed. In general, we collected information on several types of top incomes based on the seven topincome categories, but we are worried about the representation of the collected top incomes. In other words, the over-or under-representation issue for the collected data creates a great challenge for us, and the seriousness of the over-or under-representation issue for the data is still not clear. Therefore, we think there is a problem of significant loss of income range among the overall income distribution. Generally, all of them point to the direction of the weighting.
Main Ideas and Steps to Obtain the Mixed Data
Basic assumption
Generally, our target is to estimate the exact income distribution using the collected top incomes with the combination of household survey (HS) data. Although we are confident about the ability of our HS data to capture the low, medium and even high incomes, we are not so certain about the representatives of the relatively low-income individuals for the TIC data. Meanwhile, we are also very cautious when matching the two data sources together, as they are from very different sources, as is known.
Using the well-known assumption and practical simulation based on our HS data, we find that the logarithm of the income at the beginning of the lowest salaries usually satisfy the normal distribution; however, afterwards, at a specific point from the threshold, the income distribution usually satisfies the Pareto distribution.
Therefore, in this paper, we first assume that the medium-and low-income households in HS satisfy the normal distribution, while the top incomes in the TIC satisfy the characteristics using the Pareto function. Although the HS data are not able to capture all of the top incomes, it is still possible to capture some high income, although there are very few in the HS data. Most of the TIC data include information on the super-rich, but there is still some of the sample's income level that is not as high as we expected, and their income is not high enough to be classified as top incomes. In other words, the income variance or heterogeneity within the TIC is still very large. On the basis of the two facts mentioned above, therefore, we must confront the issue of how to link or match the two data sources to avoid individuals being double counted during the intersection or connected region. Atkinson et al. (2011) , using income tax data for major economies, wanted to measure the income share of the top 5 or 1 or 0.1%. They identified these precise top shares by imputing them using the Pareto distribution. They used the actual distribution below 5 (or 1 or 0.1) % but applied the Pareto distribution for the top incomes. Their justification was that 'a number of top income studies conclude that the Pareto approximation works remarkably well'.
The Introduction of Pareto function
Many studies suggest that the distribution characteristics of top income people can be fitted by Pareto distribution . The basic form of the Pareto distribution is
Among them, ( ) Nx is the population whose income is x (that is threshold value) or above. K and  are parameters, and ( )
In fact, the greater the value of  , the fairer the distribution is, in other words, the smaller the  is, the more unfair the distribution is. We can calculate the estimated values of the parameters of the Pareto distribution by using the obtained income data of the high-income population. Rewrite the equation (1) in the form of cumulative distribution function:
Among them, ( ) Fx is the proportion of population whose income is less than or equal to x . Naturally,
Fx − indicates the proportion of population whose income is more than or equal to
x is the threshold value. Then, we can rewrite Pareto distribution function into the following:
and the corresponding mean value is
Because the parameters of Pareto distribution are strictly positive, and the distribution has only one right tail which is thicker than normal distribution, we can fit income distribution well in the empirical study. Furthermore, Pareto distribution is most suitable for fitting the income distribution which is larger than a specific threshold value (initial value) due to 0 xx  . In the following part, we calculate the relevant results by setting the different threshold values. Note that in the estimation, it is necessary to ensure that the value of ɑ is greater than 1, so that Pareto distribution can be used for simulation.
Steps to link and obtain the mixed data
Here, we introduce how we link the household survey data with the top income data to obtain mixed data. We separate this process into six steps:
Step 1: We collect only the top incomes starting with 0.12 million yuan from different fields, industries and sources, and then, we organize and call this data the original top income data (TIC in short).
Step 2: We find that the original TIC data satisfy the Pareto distribution at 7.7 million yuan. In other words, the samples below 7.7 million cannot satisfy the Pareto function distribution, or the collected samples below 7.7 million in the original TIC are still underestimated, so we have to simulate the samples below 7.7 million.
Step 3: For the samples higher than 7.7 million yuan in the original TIC, we can estimate the basic Pareto distribution parameter, such as the alpha coefficient.
Step 4: The income intervals from 0.65 to 7.7 million yuan cannot be collected by the household survey, and it was also underestimated according to step 2, so we have to simulate them by using other ways. According to step 3, we assume that both income intervals (0.65-7.7 million and 7.7 million+) satisfy the same Pareto distribution with the same alpha coefficient, so we also assume that the income interval from 0.65 to 7.7 million also satisfies the same Pareto distribution. Therefore, we simulate the samples from 0.65 to 7.7 million using the same Pareto function with the same alpha coefficient.
Step 5: We have several sections on the overall income distribution, while combining the household survey with the top incomes, and then we called it mixed data, which is shown in Table 4 .1. The first section is the income interval from the minimum value to 0.65 million yuan, which is data from the household survey, which mainly satisfies the log normal distribution as low and median incomes. For the second income group of 0.65 to 7.7 million, we name it high incomes as it cannot be captured by the ordinary household survey, and we obtain those samples using the simulation method based on the same Pareto parameter that is used for the other income intervals of more than 7.7 million. Finally, the third income interval is the group with income greater than 7.7 million. We use the actually collected top incomes from the TIC data, and they also satisfy the Pareto function according to our estimation.
Step 6: Generally, the low and medium incomes are captured by the HS data, and the high and top incomes are captured by the TIC data. If we connect all the income intervals based on the three groups shown in Table 4 .1, the different income parts of the datasets can be linked very well, as there is no overlap, and the overall income distribution for the combined dataset also goes smoothly from the low, medium, high to top-income groups. In particular, the overall samples change from the log normal distribution to the Pareto function distribution at the threshold of 0.65 million yuan. Therefore, using this way, we can capture all of the actual income distribution with not only the household survey but also data on the top incomes, so we can reestimate income inequality or other indicators based on the new mixed databases. The TIC should be more accurate based on subjective judgment, while the objective fact finds it satisfy pareto distribution Note: From here and after, we call 0-0.65 million yuan as low and median income, 0.65-7.7 million as high income, while after 7.7 million is named as top incomes.
Source: authors' calculation based on the CHIP and TIC data.
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Matching top incomes with household survey
Weighting issues for the TIC
Before the formal estimation of income inequality, we must seriously address the weighting issue that was also noted in the sections before.
Regarding the names listed on the Hurun Rich List, we generally think these should be the wealthiest people in this country; it is not easy to add more people to the list, so the sample weight for this kind of database is defined as 1. After final cleaning, we obtained 3,333 rich families and 19,020 rich individuals using the information in Table 5 .1; the details are presented in section 6.2.
It is worth noting that the families' assets should be divided by the number of family members to obtain the per capita assets, and then, the per capita annual income of each family member can be calculated at a 5% return rate from their per capital assets. For the film and television actors and actress, the weight is set to 25, which is supported by evidence on different aspects: first, there is evidence that the number of actors signed in China is more than 100,000, while the total number of actors and actress after weighting is slightly larger than 100,000; second, China's statistical yearbook shows that China's cultural, sports and entertainment industry in 2016 included approximately 1.5 million employees, so the total number of people who signed a contract after weighting in line with people's expectations. Finally, more than 30 persons' incomes are over 0.1 billion yuan 12 ; however, our signed-up actors database captures 9 persons' incomes that are higher than 0.1 billion. Considering the rapid increase in movie and TV actor's salaries and the serious tax evasion of recent years, we have expanded the actor database.
Meanwhile, for the group of Online celebrities, according to the report on the Online celebrities' economy in 2016 13 , the number of Online celebrities in 2016 exceeded 1 million, while the annual income reached 250,000 yuan per person. Therefore, we assume that the number of Online celebrities in 2016 was 1 million, and the threshold value of their income was 250,000 yuan. Suppose that 500,000 Online celebrities earned more money than the threshold value, so 2,536 samples were chosen from the database, and the weight of each Online celebrity is 200.
For the top managers of the listed companies, we also adjust the weight according to the share of stated-owned companies in China. In general, Chinese enterprises can be divided into state-and privately-owned enterprises and can also be separated into listed and not listed companies. Data on the top managers of the stated-owned or privately-owned listed companies are fully captured by the database of the "top managers in the listed companies", and information on the top managers that belong to the not listed companies was captured by the database of "Private Entrepreneur data". Therefore, the only group that cannot be captured is the top managers in stated-owned and not listed companies. In 2016, 2% of the stated-owned companies were listed in the A-share or Hongkong-share list, while 98% of the state-owned companies were not listed in the capital market. Meanwhile, there are 944 stated-owned companies and 1,881 non-stateowned companies within the listed companies for the original "top manager database". Therefore, we could expand the top manager samples using the weight of 17 in this paper 14 ; we named the database the "top managers' database" with the weighting.
For the group of the rich list of famous writers, we set its weighting to 1. In fact, whether the writer is in the National Writers Association of China or provincial and municipal associations, the main income of the association members is still the income coming from financial allocation or wages within the bureaucratic system, and their market income or copyright revenue is not so high because of illegal copies or small circulation. As a result, their incomes are not higher than even some white collars 15 , so in this paper, we think the list of the famous writers could include all of the top incomes, and the weighting for famous writers is also fixed to be 1. For online writers, there are 472 samples with annual salaries of more than 120,000 yuan and approximately 5,000 online writers have a monthly income of more than 10,000 yuan. For simplicity, the weight of the online writers is 10. Therefore, the weights of famous writers and online writers are 1 and 10, respectively.
For the group of private entrepreneurs, our original sample only captures 3,400 samples of families; however, there are approximately 34,400,000 privately owned companies according to the data provided by the China Private Entrepreneur Survey Report (2016), so we have to expand our samples using the weight of 1,000. Then, we could extend it to as many as 17,440 individuals using the household scale provided by the survey data. For the database of the Top Athletes, for Esports and Top 10 Athletics, the sample weight is 1. For football and basketball players, the weights are 16 and 20, respectively.
Finally, we sum up all seven top income databases with more than 7,868,120 individuals after weighting and then use this information to estimate the descriptive indicator and the income distribution. Compared to that of Figure 3 .1, we find that the kernel function is much more smoothly distributed in Figure 5 .2, so it also demonstrates the considerable necessity of using the weighting adjustment. 
The Pareto parameter for TIC data
As a foundation, we think the samples satisfy the Pareto distribution from one specific threshold if the threshold is high enough, so we begin to find that threshold in the TIC database. In other words, the sample cannot satisfy the Pareto function below the threshold as a result of underestimation, underweighting or other reasons. However, the TIC after data collection and after the threshold is applied, should be good enough to capture all of the top incomes in China.
Thus, the next central issue is how we find the threshold or how we judge whether it satisfies the Pareto distribution or not for the samples beyond the threshold. We use the approach provided by Wang and Zhou (2006) who used the Lorentz curve to calculate the ideal Gini coefficient, which also obtained the actual Gini coefficient based on the OLS regression method. Then, we compare the gap of the Gini coefficient between the ideal and the actual one, where the gap is smaller and the Pareto simulation is better. We begin the simulation and estimation of the gap from the threshold of 12 million yuan and find that the smallest gap occurs around the interval of 7.7 million (see Table 5 .3). Furthermore, we also try to obtain a more exact estimation of the Gini gap with more attempts and find that the point of 7.7 million yuan is the smallest gap among the thousands and millions of exercises. As seen from the figure below, the kernel density function matches the Pareto function very well after the threshold of 7.7 million yuan, and the alpha parameter of the Pareto function is 1.506 at this time 16 . In other words, within the TIC data, only the samples after the threshold could satisfy the Pareto function, and the samples that are lower than the threshold might be underestimated or suffer from less sampling, so we have to simulate those samples using other methods, as discussed in the next section. Here, we drop a large number of the TIC samples if we use the threshold of 7.7 million yuan. Some might argue that using a lower threshold here might help to keep a much larger sample from the TIC. However, the Gini coefficient gap between the two methods increases once we use other higher or lower thresholds; in other words, the threshold of 7.7 million should be the unique threshold given the specific TIC sample. Moreover, on the basis of the given TIC data, we could make sure we are using good enough representatives for the top incomes. If we could find the threshold of the Pareto distribution, then we would be able to deduce the next top samples using the same Pareto parameter, if all of them share the same Pareto distribution. Therefore, we still think the threshold of 7.7 million yuan should be the unique and best point fitting the given TIC samples.
Figure 5.2 The gap between OLS method and Lorenz method
Source: authors' calculation based on the TIC data.
The Introduction of HS data
Apart from the income intervals that are higher than 7.7 million and satisfy the Pareto distribution, we are still worried that the threshold might move forward to a lower point as the income intervals for less than 7.7 million yuan are under-sampled according to the analysis above. Furthermore, we are also thinking that the first threshold for the overall income distribution could also be found in the household survey because the end of the income tail in the household survey is also high enough, while the maximum value of the household survey is 0.65 million yuan. In other words, some of the samples with high enough income in the household survey might satisfy the Pareto distribution but not the log normal distribution.
In practice, we use the CHIP 2013 as one choice of household survey data. This article focuses on the income distribution in 2016, so we convert the per capita disposable income by the increasing rate of for urban and rural residents, and the demographic and sociological characteristics remain unchanged. Generally, the CHIP represents approximately 1,293,409,000 individuals after weighting, which accounts for approximately 93.0% of the overall population in China 2016. The data for this study could reflect the overall map of the Chinese income distribution once we add the TIC data to CHIP, as the population in 2016 was 1.383 billion. Meanwhile, the mean value for income in CHIP is 2.80 ten thousand, while the minimum and maximum value are 0 and 0.65 million, respectively.
Linking the HS and TIC
In this section, we link the household survey data to the top incomes. Before the formal connection, we must highlight three aspects of the entire income distribution.
First, for the income interval from 0 to 0.65 million yuan, we think the household survey is good enough to ensure data quality. Then, we have to simulate the income intervals using the Pareto function from 0.65 to 7.7 million. Afterwards, we use the actual collected top-income samples after 7.7 million from the TIC. In general, we can connect the four income intervals into the overall income distribution and organize it as the mixed dataset.
Second, we argue that the samples from 0 to 0.65 million yuan are the low-and medium-income groups, while the income intervals from 0.65 to 7.7 million yuan are the high-income groups. Finally, we think the income level that is higher than 7.7 million yuan is the real top income, as the top income is not captured by the ordinary household survey.
Third, according to our simulation based on the household survey and TIC data, we find that the low and medium-income groups satisfy the log normal distribution, while the high and top incomes satisfy the Pareto function according to the actual analysis. In other words, we should also keep in mind that the income distribution changes from log normal to Pareto distribution at the smallest threshold of 0.65 million yuan, and the Pareto parameter is the same from 0.65 million, though it was applied to different income intervals.
National representation of the mixed data
For the representativeness of the mixed data, we trust the data quality of the household survey to reflect the low-and medium-income groups. As CHIP is widely used by scholars, it represents approximately 1.29 billion individuals whose income ranges from 0 to 7.7 million yuan. Moreover, for the data quality of the high and top incomes we collected, although we do not have enough self-confidence to trust the second largest income samples, we have enough confidence about the largest high and top incomes not only during the data collection procedure but also from the data analysis. Furthermore, we can rely on the data for individuals whose income is higher than 7.7 million to estimate the parameter using the Pareto function. Afterwards, we can move the same parameter to the second largest top income from 0.65 to 7.7 million using a simulation approach based on the same Pareto distribution. Therefore, we could also trust the representativeness of the income interval from 0.65 to 7.7 million.
Data Quality Discussion
Generally, in those steps above, we assume that the household survey data are good enough to capture the medium and low-income population, except for missing the high and top incomes. Therefore, we use other sources to supplement the top incomes and then link it to the household survey data, in order to get an overall distribution of the income groups in China. However, there are still some points about the data quality that should be discussed.
Why TIC begins from 120 thousand
While we collect the TIC data at the beginning, we truncate the data from the 0.12 million yuan for the top income individuals. The starting point for individuals to declare personal income tax is 0.12 million yuan according to the China's State Administration of Taxation, so we think the 0.12 million should be a reasonable threshold for the top incomes. Meanwhile, the mean disposable income for the highest-earning 20% population in the year of 2016 is 0.06 million according to the NBS, and the mean value of the highest 10% and 5% group's income is 0.079 and 0.13 million, so we argue that the 0.12 million should be a reasonable starting point for the top incomes, as the highest 5% average income from the household survey is already higher than the 0.12 million. At last, we only keep the samples for the top incomes whose annual income is higher than 0.12 million yuan, as it was widely regarded as the starting point of the high-income groups not only from the public but also from the ministry of tax system in China.
Household scale discussion in terms of the Hurun Rich List
The Hurun Rich List differs in ways of defining the household scale across years. Entries on the list can take the form of either individuals, couples, or households, which causes great difficulty for our subsequent analysis. To ensure comparability, we must estimate their household sizes and then calculate the wealth per capita for the richest households. Notice that we always view the wealth level on the lists as wealth belonging to the whole household, regardless of the way the entries are defined. This is because in China, household members are often engaged in family businesses or operations because this is traditional practice. We use information from various sources, such as the Lists from previous years, resumes, and other Internet sources to jointly determine the household sizes. If there is inconsistency among the sources, we use the minimal values. By splitting the household observations into individuals, the sample size is enlarged from 3,333 to 19,032. For the detailed information about collecting the household scale, we have many steps:
1) for the name appearing in the form of Individual in the List, it accounts for around 40% of all entries. We first link them with other individual persons who appeared together with them on the Lists in the years before, and treat also the latter as the members of the household (exceptions include who were dead or put into prison in 2016). Then we collect their firm's basic descriptions, homepages, advertisements etc. from the internet to make sure whether their immediate relatives (spouses, children, and parents) are also engaged in family businesses (The union of these two groups will be treated as household members).
2) for the name appearing in the form of Household or Family in the Hurun Rich List at 2016, it accounted for around 60% of all entries. We determine the family sizes as follows: if the entries are immediate relatives, we use again the procedure described above to identify all household members engaging in family businesses; if the entries are brothers or sisters alike, we identify the household members for them separately and add up to total household sizes; if the entries are not relatives, for example, business partners, or investors which are very few in our sample, we collect information on ownership structure of the firms, and we also consider individual persons who own at least 10% shares of the firms as "household members".
However, the procedure above would also introduce some new measurement errors about the richest groups. Nevertheless, the procedure could have the advantage of increasing sample size of the group of interest, which could in turn correct the biases introduced by the richest individuals that do not appear on the Hurun Rich List. In particular, there are large amounts of invisible top incomes in practice in China, and Hu Run also admits in the public that the Rich List could only guarantee 60 percent of the accuracy 17 .Therefore, we tend to believe that the procedure is also useful for us because of the increasing top income samples according to those methods.
Income definition for the TIC and HS
The HS dataset contains information on the wages, operative profits, property incomes and transfers, all of which are components of household disposable incomes. Following the NBS, we also calculate the imputed rents from the houses owned by the richest households and individuals, which can be expressed as Imputed Rent=0.02*(current market value of the housing -total value of the housing when purchased). Dividing the household disposable incomes by family size gives the per capita disposable incomes. Non-negative disposable incomes are excluded, though there are few in the sample.
As for the TIC dataset, because of the great difficulties involved in data collection, the data quality might not be as good as we expected. We describe all of the main components in detail below.
As the Hurun Rich List only reports the rank of the wealth, we deduce the incomes from wealth based on a 5% annual return rate to the wealth. Because the true return rate that applies to the richest group might be higher than this, the imputed incomes may be underestimated. Choosing 5% as the return rate involves certain arbitrariness, yet evidence from the Chinese private sector has lent some support for it. For instance, Li and Luo (2011) show that the average profit rates for so-called above-scaled private enterprises were approximately 5% in 2005. Considering that most of the firms run by the richest persons appearing on the Lists are leaders in their own industries, the return rates could exceed 5%.
The observations from the Signed Actors List are comprised of mostly famous actors and actresses. We estimate their incomes from playing in TV series and films, as well as giving concerts.
Other income, such as income from advertisements, are not included.
In our dataset, for the owners of private enterprises, we adopt a similar procedure as we did for the Hurun Rich List to impute the incomes generated by wealth, and we do not include other income. In our dataset, for the senior executives or managers of the listed companies, we mainly consider their wages and salaries from these companies and exclude income from other sources.
For the rich writers in our datasets, we consider mostly their copyright royalties (including offline sales, online purchases, copyright sales and website payments,) and exclude income from other sources. For online celebrities, we use data mining methods to impute their gifts obtained from users into monetary terms and then attribute 30% of this income to these celebrities. Other income sources, such as endorsements, advertising and other offline activity income, are also excluded.
For professional e-sport players, we mainly consider their prizes from various competitions and advertisement incomes and do not include other types of income, such as income from investment. For athletes, we focus on their prizes from various competitions and advertisement incomes. Their investment income is excluded.
Weighting of the TIC
TIC data include top incomes from different data sources, and these weights are set according to several types of strong evidence provided by some industry associations or professional institutions.
Generally, the Hurun Rich List basically covers information on the richest people in China according to the specific organization, the Writer Rich list summarizes income information on China's top writers supported by the national writers association, and the athlete data are also released by authoritative organizations, all of which cover the data of the top earners in their fields, and these databases do not need to be weighted anymore.
For other categories of the databases that need to be weighted, we provide strong evidence to weight the data of private entrepreneurs and Online celebrities. Meanwhile, although the weight of the signed actors list is not supported by official or professional evidence, we also try to collect national information that can be accepted by different opinions. For the signed-up actors list and listed company executive data, we have tried to refer to the suggestions of experts and scholars or used information from authoritative media. Although the weights may not be very accurate, the truth of the fact has been largely reflected.
In summary, it is undeniable that there may be some controversy about the specific weights used for each top income database, but we argue that the weight is much more accurate than before, and it is much closer to real facts. We do not make great demands to set the weight very precisely; what we think truly matters is to ensure the authenticity and reliability of the conclusion to the greatest extent.
Duplications of the seven top income databases
We obtained the TIC data by weighting the databases from seven different types of sources. However, one notable problem regarding the data is that there are duplications or overlaps from different sources. We conduct three activities to avoid overlaps to reduce their influence on the income distribution.
First, we are sure that there is a large difference between the occupations of individuals from different sources, so the possibility of sample repetition is very low. Second, we tried to avoid the same individual appearing in different lists during our data collection, which further reduces the possibility of overlaps. Finally, for those who may appear in different lists at the same time, although this is very rare, such as private entrepreneurs and individuals in the Hurun Rich list, we checked one by one through the actual names and manual searching from the Internet, which also avoids the duplication of samples. In summary, the data of seven categories of high-or top-income people will not be seriously affected by data duplication when they are merged together.
Overlaps of HS and TIC
Another issue related to the overlaps might also occur if we link the HS and TIC together. Although the HS is not able to collect the top incomes, the high incomes are very likely to be covered, which could also be found in the TIC data. In our CHIP data, the income level ranges from 0 to 0.65 million yuan, while the TIC also collects the income interval from 0.12 million to 2.15 billion, so the range from 0.12 million to 0.65 million is overlapped by the TIC and HS data 18 , and it is not realistic to check the duplication one by one.
Although the HS data cannot accurately contain top-income groups, we suppose that the HS data contain income data of stratum below the high-income groups. In other words, we trust that the representativeness of the low and medium samples is sufficient by using the household survey data, although it is impossible to capture the high or top incomes with the survey data. Therefore, we tend to use the household survey data for the income interval from 0 to 0.65 million yuan, and the range from 0.65 million to 7.7 million is simulated using the Pareto function, while the last income interval that includes more than 7.7 million are from the TIC data.
The meaning of collecting TIC
As the collected data's income interval from 0.65 to 7.7 million yuan is not fully used during the analysis above, someone might question the need to spend so much time collecting all of the top incomes starting with 0.65 million. Our argument relies on two aspects. First, on the basis of the overall collected samples from 0.12 million to 2.15 billion, we are able to simulate the distribution and finally find the threshold point for the Pareto distribution. In other words, we are not able to find the best threshold if we do not have so many collected top incomes. Second, we can compare the distribution gap between the collected and simulated income distribution for the second largest top incomes if they are underestimated by the collected individuals. As seen from appendix 1, we find that a small representation of the collected samples as their density distribution is less than the simulated function; however, the gap is not as large as we expected from the figure. Therefore, we could have more confidence about the data quality for the collected top incomes.
Basic Results with the Mixed Data
It is worth noting that what we call "TIC" in this chapter includes data from 0.65 million to 2.15 billion yuan unless otherwise specified, while the number of observations after weighting in the TIC data is 2,247,357 after weighting. The ways for processing the data from 0.65 million to 7.7 million yuan can be classified as two methods: If we use the original value for this range, we call the TIC data the "original TIC after weighting from 0.65 million to 2.15 billion" (OTIC), when we use the simulated value with Pareto function for this range, we call the TIC the "simulated TIC after weighting from 0.65 million to 2.15 billion" (STIC). Meanwhile, if we connect the HS with the STIC data together, then we can obtain a whole map of the income distribution without any overlaps. This sample should also be a real and exact reflection of the Chinese income distribution, which we call mixed data (HS+STIC).
Comparison with NBS
Here, in this section, we try to compare the income level using different income sources. Taking the household survey as an example, the NBS's average income per capita is the lowest, which is only 2.2 ten thousand yuan in 2016, while it is higher when using the CHIP household survey, as it reaches 2.8 ten thousand yuan. Meanwhile, if using aggregated data from other sources, such as the flows-of-funds table, then the average income per capita would reach as high as 3.1 ten thousand yuan. Moreover, it would even increase to 4.3 ten thousand yuan based on our mixed data in this paper, which demonstrates the apparent underestimation of the household income from different kinds of surveys. Lastly, based on the comparison of mixed data and GDP figures from NBS, we find that household income could account for 80 percent of the overall GDP, which is significantly higher than 62%, which is provided by the NBS. 
Demographic characteristics using OTIC data
In the following section, we use the OTIC data to investigate the demographic characteristics of the top-income groups. The reason for this is that demographic characteristics such as gender, education level and age for those with an income between 0.65 and 7.7 million yuan cannot be simulated in the STIC data 19 . Although the OTIC data lack the representativeness of the range from 0.65 million to 7.7 million, which might result in the existence of a new bias, it still reflects part of reality to a certain extent. Next, the primary target is the provincial distribution and the distribution in terms of gender, education and the year of birth.
First is provincial distribution, there are two types of definitions, one is the birth place and the other one is the workplace. In a sub-sample, such as the birth place or the native place of the Online celebrities, it is not easy to search by ourselves, but it is relatively easy to obtain their workplace. As for the Hurun rich list, the signed-up actors' data, rich writers and top athletes, the information of the workplace and birthplace are relatively easy to be obtained. And for the private entrepreneur owners and executives of listed companies, we can set the workplace based on the location of their corporate headquarters. To sum up, we chose the location of the workplace to identify the province. It is worth noting that a small sample failed to find the workplace, so the sample size after weighting decreased from 2,247,357 to 1,145,782 in the same year. Secondly is the gender distribution; it is worth noting that a small sample failed to find a workplace, so the sample size decreased from 2,247,357 to 981,762 after weighting. According to the comparison in Table 7 .3, the proportion of males in the HS data (income below 0.65 million yuan) was only slightly higher than that of females, but the advantage of males was very obvious in the OTIC data, which also indicated apparent gender inequality in the top-income groups. Thirdly, in terms of education attainment, it is worth noting that a small sample failed to find a workplace, so the sample size also decreased from 2,247,357 to 863,215 with weighting. Due to data limitations, we investigate only whether the individual obtains a college degree or above.
According to the comparison in Table 7 .4, only approximately 12 percent of the population in the HS data had a college degree and above, but that percentage almost completely reversed for the top incomes. This means that currently in China, people with relatively low educational backgrounds are significantly less likely to be in top-income groups, which also indicates the importance of education to accumulate human capital, especially to enter a higher social class. Finally, in terms of birth year or age cohort, it is worth noting that a small sample failed to find a workplace, so the sample size decreased from 2,247,357 to 1,045,665 after weighting. For simplicity, the calculations are divided into different age groups. According to Table 7 .4, most population proportions of the top-income groups in the OTIC data are mainly aged from 41 to 50 years old (33.09%), while the next is the group of those who are 51 to 60 years old (19.65%), 31 to 40 years old (18.62%) and 61 to 70 years old (15.05%). Young people dominate the top incomes according to Table 7 .5, which is also in line with people's expectations. Compared with the conclusions using the OTIC data, the age of residents in the HS data was mainly in the following stages: under 20 years old (approximately 26.85%), 21 to 30 years old (approximately 19.36%), 41 to 50 years old (approximately 13.71%) and 51 to 60 years old (approximately 11.24%), as compared with OTIC data; as the age increased, the possibility of residents obtaining high income was significantly enhanced. Second, for the ratio of p90 / p10, p90 / p50, or p10 / p50, there is a large difference between the private entrepreneur owners, the Hurun Rich List, and the rich writers, which demonstrates the considerable heterogeneity among the top incomes. Taking the Gini coefficient as an example, the indicator reaches as high as 0.685 among private business owners 20 .
Income intervals for the mixed data using the STIC data
In the following section, we analyse the income interval distribution for the STIC data, while again limiting the range from 0.65 million to 2.15 billion yuan. The following is the share of top incomes for each income interval using the STIC data and the HS data. 20 Lastly, the individuals on the Hurun list and the private entrepreneur owners of the OTIC accounted for the proportion of income, and the highest reached 86.58%. On the one hand, the private entrepreneurs tend to have higher incomes, which is because the number of private entrepreneur owners is larger. For the Hurun list, the income ratio is 12.43%. Even if the number is smaller, its large number of assets and income ensure that its income proportion is still very considerable, while the proportion of other people's income is very small, all less than 1%. 
Income share using STIC
From the following table 7.9, the STIC data are grouped by several income intervals, and note that these groups are not divided equally. Among them, the income interval ranging from 50 to 100 million accounts for as high as 2.57% of the total social wealth while the population rate only accounts for about 0.116‱. Meanwhile, in the range from 200 million to 500 million, 0.003‱ of the population share 0.28% of the overall social wealth. Last but not the least, the 0.212% of the population within the interval from 0.65 million to 7.7 million yuan also earn about 8.98% of the overall income in this country. Most important of all, only 0.0008‱ of the population's income is higher than 500 million yuan in this country, however their total income accounts for as high as 0.23% of the overall income in this country, which also shows the huge inequality level coming from the top incomes. This part gives relevant information such as the mean value, minimum value, maximum value, proportion of total income and cumulative proportion after grouping ten from the statistics of STIC and HS data. From the table 7.10, first of all, the proportion of income from STIC data in ten-class subgroup increased steadily from 1.42% in group one to 74.96% in group ten, by contrast, different groups in the HS data increased their share of income by a larger margin, increasing from 0.63% in group one to 41.50% in group ten. Secondly, the cumulative percentage of income in the ten-class subgroup in STIC is higher than that in the HS data. Finally, the average, minimum and maximum values in the ten-class subgroup in the STIC data are extremely different in absolute values, but the ratio between the maximum and minimum values in each ten-class subgroup is relatively close. The following table gives information about the Mixed data which is grouped into ten deciles. It can be seen from the table that in the ten-class subgroup, the interval mean increases from 0.31 million yuan in group one to 15.74 million yuan in group ten; the difference between the minimum and maximum values in the top nine groups is not very large, regardless of the comparison in the absolute sense or in the relative sense, but there is a huge difference between the maximum value and the minimum value in group ten. This is also understandable because the sample size in the STIC data is small, even if group ten is even smaller.
For the proportion of income in the mixed data shared by different deciles, in the top six group, the income share does not exceed 10%, and the group seven slightly higher than 10%, and in the group ten its share reached 32.19% which reflects the huge difference in the income of residents in mixed data. As can be seen in the cumulative proportion of resident income, the cumulative proportion of the top five groups is slightly higher than 18%, and the cumulative proportion of the top eight groups is about 50%. The final two groups have a cumulative income of 50%, basically it's a universal consensus of the two-eight law. 
Gini coefficient for the STIC and mixed data
Before we formally use the top income database to estimate the real overall income inequality, we can use the household data to conduct a test to help us to better understand the importance of the top incomes. Using the method suggested by Knight et al. (2018) , who use only a household survey and expand the highest-income decile and then re-estimate the income inequality when expanding the highest household samples. Assume that we have a good household survey to capture enough about the high, medium and low-income population (except for the top incomes), so we would do an exercise to test the sensibility if expanding the highest-income samples from the household survey.
Using the HS data, we simulate the mean value and Gini coefficient of the income level before and after expanding the highest-income samples from the household survey. Table 7 .12 shows the original sample without any sample expansion. The remaining rows represent the results of the 1%, 5% and 10% expansion for the top samples within the household survey. Obviously, the average income will increase with the expansion of the high-income sample. For the Gini coefficient, which we are more concerned about, in the CHIP sample in 2016, the Gini coefficient before expansion is approximately 0.464. Longitudinal comparisons show that when the highincome sample is expanded twice, the Gini coefficient increases with the proportion of the highestincome group, which is 0.485 (expanded 1%), 0.496 (expanded 5%) and 0.489 (expanded 10%). Furthermore, if all of the high-income samples are expanded three times, the Gini coefficient presents a trend of first an increase and then a decrease. The Gini coefficient dropped from 0.503 to 0.492 when the top 10% of the high-income sample was expanded three times. Apart from the simulation to test the importance of the highest-income groups, we also perform a simple calculation of the Gini coefficient. The Pareto distribution, based on the hybrid data, would be able to obtain the adjusted Gini coefficient, which includes the top-income population (Again, this is what we call the mixed data, the CHIP data and the TIC data, which include more than 0.65 million with weighting). The meanings of the adjusted Gini coefficient and related indicators are as follows: the specific calculation of the seven indicators is referred to in appendix 2 and is not described here.
where, p1 represents the proportion of the total population whose income is less than 0.65 million in CHIP to the total population in the mixed data; u1 represents the average income if income is less than 0.65 million in the CHIP; and p2 represents the proportion of the population whose income is larger than 0.65 million to the total population in the mixed data. u2 represents income per capita if the income was higher than 0.65 million; u represents the average income in the mixed data; G1 represents the amount of the population whose income was less than 0.65 million; and G2 represents the Gini coefficient for those whose income was more than 0.65 million.
By substituting the above seven indicators, we can obtain the Gini coefficient, which is 0.646. Generally, the Gini coefficient of the household survey was 0.465 in 2016 according to the NBS. However, compared with the results in this paper, the Gini coefficient will increase to 0.646 after including the top incomes, or the Gini index would increase approximately 0.208 percentage points. Therefore, the considerable influence of the Gini coefficient because of the introduction of TIC data is very clear, and it also supports the great necessity to include the top incomes during income inequality research. Moreover, this is of great significance for the correct and comprehensive understanding of the reality of income distribution in China.
Income inequality using Mixed data
We calculate overall income inequality for the TIC in column one of Table 7 .13. We also estimate the income inequality index using the HS data, STIC data and mixed data, and then, we calculate the results using the indicator of the weighting.
We estimate overall income inequality while including all of the top incomes from different sources. As seen in Table 7 .12, income inequality using the STIC data is not as high, and the Gini coefficient is 0.497 for 2016. In comparison, income inequality using the HS data is only 0.464 in the same year. If we merge the household survey and top income data base together, the Gini coefficient of the entire income distribution reaches as high as 0.646.
This result shows that the HS seriously underestimates the income inequality of Chinese residents. Notably, the Gini coefficient for our HS data is close to 0.465, which was published by the NBS, with a difference of approximately 0.001. However, regardless of what it is, the HS data represent an undisputed reality about the disparity in the incomes of residents.
Then, for the mean value of the samples, the income per capita in HS data is approximately 28.0 thousand, while it is 1.932 million and 41.3 thousand for the STIC and the Mixed data, respectively. Compared with the HS data, income per capita for the mixed data actually increased by more than 47.5%, which also supports the necessity of including the TIC data together with the household survey data. Furthermore, if we use the index of p90/p10, we find that it jumps from 9.34 in HS to 4.73 if we add the database of the top incomes. Meanwhile, the mean value of the household survey is 28.0 thousand, while it is 1931.6 thousand for the TIC data. After merging them together, the average income for the overall data should jump to 30.2 ten thousand. 
Conclusion
Because of the questionable representativeness of the top incomes in regular household surveys, the estimation of the top income distribution turns out to be challenging. The lack of consensus on empirical practices among researchers further highlights the difficulties. Keeping these shortcomings in mind, this paper sets out to review the definitions and the data sources that are available in the existing literature.
After comparing different estimation methods, this paper indicates that collecting income or wealth information of the top incomes from the public media and other available sources and then matching the mixed data sources together could be a new approach to address underrepresentativeness and under-reporting issues for household survey data.
As a new attempt to correct for the underestimated income inequality is practiced in this paper, we employ different data sources from the public to collect all types of top incomes in different industries and fields. On the basis of the considerable job of data collection, we clean and improve the data quality in different ways, and then, we merge the data into one whole dataset with interpolation and weighting. Finally, the Pareto function is used to estimate and test the sensitivity of the distribution parameter of the collected top income data. We then obtain the final top income dataset, which is called the "Top Incomes in China". It is the first dataset of top incomes in China.
The first finding of the paper is that the income level among the top incomes is extremely high, much higher than that obtained from the household survey data. This result implies that the current household surveys have missed capturing samples of the top incomes, leading to underestimating the quantity of the national wealth to a large extent. In particular, we reasonably expect that the extent of income underestimation is increasing with the trend of increased underrepresentativeness and under-reporting for the top incomes.
The second finding is that the omitted top incomes by household surveys are also unevenly distributed, as income inequality among the top incomes is large, while the Gini coefficient of the top incomes reaches as high as 0.497 for 2016. It is worth mentioning that the Gini coefficient for the household survey was only 0.464 in the same year.
The third finding comes from our observation of the regional, gender and educational distributions of the top incomes. We find that well-educated males are the main composition of the top incomes in China. Most of the top incomes worked in the coastal provinces in 2016, although some of them were born in the central or western part of China. 
